Rationale: Pediatric asthma has variable underlying inflammation and symptom control. Approaches to addressing this heterogeneity, such as clustering methods to find phenotypes and predict outcomes, have been investigated. However, clustering based on the relationship between treatment and clinical outcome has not been performed, and machine learning approaches for long-term outcome prediction in pediatric asthma have not been studied in depth.
Asthma is a complex disease with heterogeneous inflammation between and within individuals. Over recent decades, the construct of T-helper cell type 2 (Th2)-predominant inflammation has broadened to include Th1, Th17, and regulatory T-cell inflammatory profiles and more (1, 2) . Because inhaled corticosteroids (ICS) have a wide range of antiinflammatory properties, they are recommended as the first-line asthma medication for all patients with persistent asthma (3). However, not all individuals respond in the same way to controller medication within and between medication classes (4, 5) , and 10% or more of those with asthma have asthma considered difficult to control (6) . To find patterns in the data, approaches such as clustering and predictive modeling have been used.
Using clustering methods (e.g., k-means or latent class analysis), researchers have found specific phenotypes in adults and children that include allergic markers, body mass index (BMI), age of asthma onset, clinical manifestations, and severity (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) . However, these methods have limitations. They often require clinicians to choose the features (variables) included in the model, which can introduce feature selection bias. In addition, there is lack of statistical confirmation of the differences between clusters. Most importantly for clinical decisions, they do not inform which treatment an individual patient may benefit from the most.
Traditional prediction algorithms (e.g., logistic regression) to predict asthma control have shown promise. It has been found that short-term asthma control is most indicative of future control (20) (21) (22) . However, long-term (>1 yr) asthma control prediction is more challenging, in part owing to instability of features that change over time, such as adherence and seasonality (23, 24) . Standard models often cannot capture these complex relationships, because they usually apply a "one-size-fitsall" model to the entire feature space (i.e., all dimensional combinations of variables in the dataset). To our knowledge, long-term asthma control prediction has not been assessed in depth in children.
Our novel machine learning tool, predictor pursuit (PP) (25) , addresses these limitations of other machine learning and prediction methods. The PP tool was designed to discover phenotypes and predict clinical outcomes in an entirely data-driven fashion with the ability to find heterogeneous relationships among clinical features and outcomes. Therefore, the asthma domain is ideal for our tool to discover complex data patterns that have clinical relevance.
In this study, we used the PP machine learning algorithm 1) to discover statistically distinct asthma phenotypes on the basis of asthma control according to the type of controller therapy, 2) to predict asthma control state (both long and short term) on the basis of clinical features, and 3) to identify the most predictive clinical features of asthma control state for the discovered phenotypes. Some of these results were previously reported in the form of an abstract (26) .
Methods

PP Algorithm
The first capability of PP is to identify phenotypes (subgroups) of children on the basis of statistical differences in asthma control status. The method iteratively discovers phenotypes in a dataset until there are no statistical differences that can lead to further division ( Figure 1 ). This permits independent, data-driven discoveries.
The second capability is to predict clinical outcome on the basis of all available (1) The number of patients in both group > _ (2) There is no statistical difference of covariate distribution between two groups (3) There is statistical difference of clinical outcomes between two groups regarding two clinical outcomes Block diagram of predictor pursuit algorithm for phenotype discovery. x = entire patient group, x x = patient subgroup, d = minimum number of patients in the patient subgroup. A "greedy algorithm" (left) is an algorithm that is repeatedly applied to each newly generated patient group (right) until no more subspaces exist that satisfy the rule of statistically different clinical outcomes. The output of the function is identifying phenotypes.
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features. PP sequentially divides the feature space and assigns different predictive models for each discovered feature subspace to capture relationships between features and the outcomes to maximize prediction accuracy (Figure 2 ). It continues to divide the feature space until there are no prediction performance improvements that can lead to a further division. The advantage of this method is that heterogeneous (different) predictive models can be used for the discovered feature subspaces in a way that is not possible with traditional machine learning methods such as logistic regression (Figure 3 ). The PP method does not require variable standardization, because it uses statistical differences (the two-sample t test) (27) as criteria rather than a distance metric. Additional details on these methods are provided in the online supplement.
Study Population
We applied the PP algorithm to two datasets: the Childhood Asthma Management Program (CAMP) trial and the Asthma Clinical Research Network (ACRN)/Childhood Asthma Research and Education (CARE) network. The CAMP trial (28) is a large, randomized, placebocontrolled pediatric asthma study. The de-identified dataset was obtained by request through the NHLBI's Biologic Specimen and Data Repository Information Coordinating Center (29) . The study included 1,041 participants with mild to moderate persistent asthma who were ages 5-12 years old and assigned to budesonide, nedocromil, or placebo medication. Per the study protocol, the children were assessed at baseline and every 4 months thereafter. There were 962 features (variables) collected at these intervals, including sociodemographics, lung function measurements, asthma morbidity, use of healthcare resources, side effects, change in controller medication, missed school days, physical growth and development, and psychological development.
The ACRN/CARE network (30) . This dataset is a collection of information on adults and children with mild to severe asthma from multiple studies and represents a mix of observational and randomized controlled (with and without crossover design) studies. The ACRN/CARE data were obtained by request from the NHLBI SNP Health Association Asthma Resource Project through the database of Genotypes and Phenotypes (31) . There were a total of 1,353 adults and children in the dataset. The dataset comprised a variety of ICS (beclomethasone, budesonide, flunisolide, fluticasone, and triamcinolone), so we grouped them into one category for comparison with montelukast. We selected children aged 5-12 years old with used of any inhaled corticosteroid or montelukast (n = 684). We harmonized 56 features across the datasets. Features included sociodemographics, lung function measurements, asthma symptoms, use of healthcare resources, and physical growth.
To ensure a consistent data trend over time, we excluded individuals with fewer than four clinical follow-up visits documented over the entire study period in the CAMP dataset and fewer than four consecutive visits in the ACRN/CARE dataset. We excluded children with other known pulmonary conditions, such cystic fibrosis. The University of California, Los Angeles Institutional Review Board approved this study.
Features (Variables)
We excluded features with greater than 5% missing data. Missing data were imputed using the k-nearest neighbors imputation methodology (32) . In addition to the provided features, we generated features documented in the literature as relevant to asthma phenotypes, such as allergic status, obese status, bronchodilator response, and adherence (8) . In both datasets, a BMI greater than or equal to the 95th percentile for age defined obesity. This was calculated by converting the raw BMI scores to percentiles using a BMI conversion table based on age and sex. In the CAMP dataset, we defined an allergic state by the presence of any one of the following features: a positive skin test to any allergen, history of allergy shots, or physician diagnosis of allergy. In the ACRN/ CARE dataset, there were not as many features available; therefore, allergic status was determined on the basis of a positive skin test to any allergen. For the CAMP dataset only, bronchodilator response was defined as the change in the FEV 1 percentage after bronchodilator administration. Adherence was determined by a "no" response to the question, "Takes medicine as prescribed?"
Outcome Measurement
The outcome measurement was asthma control state (well controlled vs. not well (Figure 1 ), the output of the function is predictive modeling. Furthermore, the outcome prediction function of PP has different criteria for division of the patient groups. The final tree (left) is achieved after PP repeatedly applies the steps (right) to the newly generated patient group until there are no more patient subgroups that yield additional improvement of prediction accuracy.
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controlled) as defined by the 2007 National Asthma Education and Prevention Program asthma guideline criteria for impairment and risk (3). After feature exclusion, "now well controlled" was defined in the CAMP dataset by the presence of one of more of the following: FEV 1 less than 80% predicted, symptoms more than two times per week, use of short-acting b-agonist more than 2 days per week, any limitations in normal activity, or any emergency room visit or hospitalization. In the ACRN/ CARE dataset, "not well controlled" was defined as FEV 1 less than 80% predicted, symptoms more than times per week, rescue medication use less than one time per week, any emergency room visit or hospitalization, or oral steroid use more than once per year.
Study Design/Analysis
Phenotype discovery. We applied PP to each dataset to divide the children into phenotypes that maximized the difference in asthma control between controller therapy groups (CAMP trial, budesonide vs. nedocromil; ACRN/CARE data, ICS vs. montelukast). For both datasets, we separated the data into independent training and testing sets; that is, the training set discovered the phenotypes and then confirmed these in the independent testing sets. We used 50% of the cases at random for the training set, and the other 50% were the testing set. We examined associations between the type of asthma controller therapy and asthma control within each phenotype using proportional tests (33) (with a significance level of 0.05) and verified these results with permutation tests (34) . We used interaction tests (35) to test whether the associations between the type of asthma controller therapy and asthma control varied between phenotypes. Although the ACRN/CARE dataset represented mostly participants from randomized trials, it also included observational data. Therefore, we used inverse propensity of treatment weighting to account for treatment selection bias from this dataset before applying PP (36) . For each phenotype identified in the CAMP study data, we used a Markov chain approach model to estimate the likelihood of patients within phenotypes remaining in their current asthma control state at 4-month intervals based on the previous state. The results are presented Figure E4 in the online supplement.
Asthma control prediction and predictive features. We addressed the final two aims of the study using the CAMP dataset because of its larger sample size and greater number of features. First, we applied PP to predict asthma control on the basis of all available features over both the short term (4 mo) and the long term (after four follow-up visits, or approximately 1 yr). If asthma was well controlled at three or more follow-up visits, we classified the participant as "well controlled"; otherwise, the participant was classified as "not well controlled." To validate the results, we trained the predictive model on a training set and tested it on an independent testing set using fivefold cross-validation. We compared the results with traditional machine learning methods: neural networks, logistic regression, adaptive boosting, random forests, support vector machine, and naive Bayes using two-sample t tests.
Next, we identified the strongest (based on Pearson correlation coefficient) indicative features for short-and long-term asthma control for the four discovered phenotypes. We determined the important features regardless of assigned medication and then analyzed the features within each phenotype by assigned treatment (budesonide or nedocromil). We further studied the predictive value of each feature over the long term using the Python sklearn package (https://pypi.python.org/pypi/ sklearn/0.0), and the results are presented in the online supplement (see Figure E5 ).
Results
There were 1,019 children from the CAMP study and 669 children from the ACRN/ CARE dataset in the final analysis. The baseline features of the groups are described in Tables 1 and 2 . There were 602 (of 962) clinical features (variables) used in our model from the CAMP study and 54 (of 57) from the ACRN/CARE dataset. Over the end segment of the studies, we classified 36.7% of the children as well controlled in the CAMP study and 21.5% as well controlled in the ACRN/CARE dataset.
Phenotype Discovery
The algorithm revealed that obesity-and allergy-related features were the most statistically significant features that distinguished poor control from good control in both the training and testing sets. A sensitivity analysis was performed around one of PP's parameters: the minimum 
Predictor pursuit algorithm (PP) constructs different predictive models for various subspaces, in contrast to standard machine learning methods that apply one predictive (i.e., a "onesize-fits-all") model for the entire feature space. PP (left) simultaneously divides the patient groups and assigns a corresponding predictive model for each patient group to further improve (maximize) the prediction accuracy, whereas standard logistic regression (right) tries to find the single predictive model for the entire group that maximizes the prediction accuracy. 2 ). Overall, for both datasets, we did not find a significant difference in the distribution of assigned controller medications between phenotypes (Tables 1  and 2 ).
In both the training and test sets of the CAMP study, two phenotypes had significantly different control states by assigned controller medication ( /O 2 phenotypes, there was no significant difference in the number of children with well-controlled asthma assigned to the budesonide, nedocromil, or placebo arm. Obese children with wellcontrolled asthma (with or without allergies) were more frequently treated with nedocromil than with budesonide (52.2% vs. 16.0%; P = 0.008) or placebo (52.2% vs. 20.9%; P = 0.009), and nonobese children were more often treated with budesonide than with nedocromil (48.6% vs. 33.8%; P = 0.015) or placebo (48.6% vs. 34.2%; P = 0.016).
In the ACRN/CARE dataset, asthma control varied between those receiving ICS compared with montelukast among those with the A 1 /O 2 phenotype (Table 4) . This group had more children with wellcontrolled asthma treated with ICS (40.0% vs. 19.2%; P = 0.004). There was no significant difference in the number of children with well-controlled asthma between ICS and montelukast for children categorized as A
Children with allergy and well-controlled asthma (with or without obesity) were more frequently treated with an inhaled corticosteroid than with montelukast (39.9% vs. 24.1%; P = 0.019), and nonobese children were more often treated with an inhaled corticosteroid than with montelukast (33.6% vs. 18.9%; P = 0.011).
Outcome Prediction and Predictive Features
For the entire CAMP study, PP's short-term prediction accuracy (area under the curve) ), short-term asthma control was still best indicated by previous asthma control state (Table E2) . Over the long term, bronchodilator response and serum eosinophils predicted better asthma control (Table 6, Table E3 ). When these groups were examined on the basis of assigned medication (budesonide or nedocromil), the strongest predictive features remained the current control state for short-term prediction and bronchodilator response for long-term prediction (Tables 7 and E4 ).
Discussion
PP showed that obesity and allergy features determined phenotypes with the most significant differences in asthma control based on assigned controller medication. More nonobese (specifically allergic nonobese) children with well-controlled Definition of abbreviations: Bud = budesonide; Ned = nedocromil. The difference between budesonide and nedocromil was tested for significance (P value 1), then the "better performing" medication was compared with placebo (P value 2). Bold typeface indicates significance (P , 0.05). ORIGINAL RESEARCH asthma were treated with budesonide than with nedocromil, whereas more obese (specifically allergic and obese) children with well-controlled asthma were treated with nedocromil than with budesonide. Asthma control over the short and long term was predicted with better accuracy by PP than by standard machine learning algorithms such as logistic regression. The most relevant features for short-term control prediction were the current control state and bronchodilator response. The strongest predictive features for long-term control prediction were bronchodilator response and serum eosinophils.
A(+)/O(-)
Of the four discovered phenotypes, we found that more A
1
/O
1 children with well-controlled asthma were treated with nedocromil than with budesonide or placebo. More A 1 /O 2 children with well-controlled asthma were assigned to budesonide than to nedocromil, but there was no statistically significant advantage over placebo. The PP clustering algorithm was able to find these patterns because of its advantages over traditional machine learning algorithms, such as 1) there is no clinician bias of input variables (i.e., it is an entirely data-driven methodology); 2) it identifies phenotypes on the basis of relationships between treatment and controllability; and 3) it guarantees that the discovered phenotypes have statistically significant differences between the treatment responses.
The results of our study are aligned with the finding by Forno and colleagues that overweight/obese individuals with asthma in the CAMP study responded less favorably to budesonide, which our study shows with statistical significance, but Forno and colleagues did not assess the response to nedocromil (37) . It is notable that using our method, we discovered this obese asthma group using a machine learning approach rather than manually choosing the cohort to study. In another secondary analysis of CAMP data, Howrylak and colleagues used spectral clustering to find clusters within this dataset and evaluate the cumulative probability of oral steroid course and time to switch controller therapy (38) . With their approach, they used a smaller number of clinical features to find clusters, whereas with our method, we used hundreds of variables to determine clusters on the basis of response to medication in a data-driven fashion. In addition, by using the BMI percentile to define obese children, which they did not do in their study, we discovered that obesity is an important feature correlated with treatment response.
Our findings support previous knowledge that Th2-based allergic asthma responds most favorably to ICS (39) . Although there can be some allergic overlap, obese asthma tends to be less responsive to inhaled ICS (40) (41) (42) (43) (44) . This is thought to be due in part to other active inflammatory pathways involving Th17, mast cells, and neutrophils (45) (46) (47) (48) (49) (50) . Reports in the literature indicate that children with obese and allergic asthma have more severe and/or poorly controlled symptoms (42, 51) , so it is valuable to determine which, if any, medications may be more effective in treating this group of children. Because of the additional or different underlying inflammation, non-ICS-based controller medications could potentially be targeted at certain children with obese asthma. Previous reports in the literature about these controller medications have suggested that the leukotriene receptor antagonist montelukast may have an effect on neutrophilic inflammation, and authors of a recent abstract reported that adults (57, 58) . Finally, theophylline has been shown to affect apoptosis and chemotaxis of neutrophils (59, 60) .
In regard to asthma control state prediction, PP outperformed traditional predictive models such as logistic regression and support vector machine in the short and long term. It was able to reveal more detailed predictive features for long-term asthma control other than the current control state. The PP algorithm (also called ConfidentMatch) has also been applied successfully to the heart transplant domain in terms of predicting transplant outcomes (25) . A next step is integrating these predictive models into real-time data to identify children who are most at risk for an asthma exacerbation.
Although our PP findings appear to be clinically aligned, our study does have some shortcomings. First, PP has limitations typical of any machine learning approach in that better predictive power is assumed with larger datasets. Some features were eliminated because of missing data, and the small amount of data imputation may have affected our results. The prediction accuracy for asthma control was higher for shortterm intervals (4 mo) than for longer intervals. This may be due to other factors that affect long-term controllability, such as adherence, seasonality, and other features that change over time. In terms of adherence, we could not eliminate children who reported nonadherence, because the sample size would have been too small to be analyzed using our method. However, we noted in the CAMP study data that the level of adherence was similar between all treatment groups and that the PP algorithm did not identify nonadherence as a feature that determined different medication response between the two groups.
Although our goal was to predict asthma phenotype control on the basis of controller medication, we are of course limited in our clinical assumptions with this post hoc analysis of a preexisting dataset. By the end of the study, asthma in the majority of children was not well controlled, and often in the group with well-controlled asthma, the treatment medications did not perform significantly better than placebo.
In conclusion, PP revealed differences in asthma control state related to controller medication on the basis of allergy-and obese-related features. The PP algorithm was also able to predict pediatric asthma control state over the long term with greater ORIGINAL RESEARCH accuracy than standard machine learning approaches. However, to make clinical assumptions to guide controller medication choice for a given phenotype, prospective studies with larger datasets of real-world data are needed.
The long-term goal for this line of research is to eventually determine which asthma medication maximizes the probability of a well-controlled state and incorporate this information into the overall asthma treatment plan for children with asthma. For precision medicine in asthma, treatment choice based on asthma phenotype is one part of a comprehensive approach to asthma management that also takes into consideration sociodemographics, environment, adherence, genetics, and other factors. n
